As the e-commerce market evolves from being primarily transactional to being more subtle, sellers now seek to form online strategies. 
INTRODUCTION
hopping on e-commerce marketplaces such as Amazon and Alibaba is experiencing tremendous growth and warrants business researchers' attention. In the United States, more than 60% of buyers make e-commerce purchases through online marketplaces, and online retail sales are expected to exceed $330 billion in 2015 (Forrester Report, 2015) . The Chinese Internet Network Information Center (CNNIC) states that the engagement with online platforms for business has experienced the highest rate of growth among Chinese netizens (CNNIC, 2015) , leading the growth of the online retail market as a whole. Additionally, there has been an emergence of several new e-commerce patterns. The consumer-to-consumer (C2C) e-commerce pattern, for example, has experienced a growth in usage by both buyers and sellers in the market (Jones & Leonard, 2014) .
A growing body of C2C e-commerce studies has investigated buyers' purchasing pattern (Bellman, Lohse & Johnson, 1999; Chen & Barnes, 2007; Xu, Lin & Shao, 2010) , online transaction trust (Chen, Zhang & Xu, 2009; Chow & Angie, 2006; Jones & Leonard, 2014; Wu, Vassileva, Noorian & Zhao, 2015) , electronic word-of-mouth (HennigThurau & Walsh, 2003) , online resale behavior (Chu & Liao, 2008) , as well as online auctions (Vishwanath & Barnett, 2005; Stafford & Stern, 2002; Ward & Clark, 2014; Amyx & Luehlfing, 2006) . Store traffic and sales serve as major drivers of online business performance, and therefore are essential variables of interest for marketing managers. Nevertheless, only a few works have done empirical studies of these two variables. This article aims to contribute to the analysis of China's e-commerce market by examining how various antecedent marketing factors effect store traffic and sales.
We have selected four major marketing factors that mainly influence store traffic and sales volume in the ecommerce. We focus on store advertising, service quality, guarantee policies, as well as store reputation. In previous research, the focus was on the influential role of marketing factors on store sales volume. However, most studies only assessed the A common view about advertising is that it benefits the sellers because it makes consumers aware of the advertised product. Research has also proposed other informative and persuasive effects of advertising that increase the chances of consumers choosing the advertised option over other options (Sahni, 2016) . However, regardless of how much benefit the advertising strategy possesses, high expenditure on advertising is a heavy financial burden for individual sellers in the C2C business, making it so that relatively few sellers can afford to make the expense. To what extent can advertisement influence store traffic and sales? Are the payoffs worthy? The effect of C2C advertising is of interest to us here, and we project that:
H1: Advertising has a positive effect on (a) store traffic, and (b) store sales.
Service
Service quality is a crucial differentiator in e-commerce environment. C2C transaction generally consists of buyers and sellers who are transacting with each other for the first time. The buyer typically does not have sufficient information about the seller's history, goods, and services. If the seller can promptly reply to the buyer's inquiries or problems and can deliver the product or service within a reasonable time frame, it gives the buyer a sense that the seller's products and services are reliable and safe. Consequentially, the buyer will exhibit higher satisfaction and will have the desire to purchase again in this store. Previous studies have indicated consumer satisfaction resulting from the buyer's perception and evaluation of the seller's service quality (Anderson & Srinvasan, 2010; Deng, Zheng & Qin, 2014) , and have demonstrated the positive impact of service quality on consumers' behavior intentions and loyalty (Deng et al., 2014; Udo, Bagchi & Kirs, 2010) , but there is still a lack of proper investigation of the direct relationship between store traffic (and thus, sales) and quality of service. For C2C business, delivering high service quality is a competitive strategy for individual sellers to obtain customer satisfaction, trust, commitment and favorable intentions, as well as to reduce uncertainty during the transaction process. In addition, reliable service can narrow the psychological distance between buyers and sellers, consequently increasing customer satisfaction. Therefore,
H2:
The better service quality a store has, the more likely there will be an increase in (a) store traffic, and (b) store sales.
Guarantee Policies
During the C2C transaction process, the buyer carries the risk of paying for services and goods before receiving them. Accordingly, a challenge for sellers is maintaining dedication to service quality and the satisfaction of their customers even after customer expectations are not met (Boshoff & Staude, 2003) . It is necessary to have strategies to recover from such an obstacle because customers will be much more likely to switch to a different firm (Forbes, Kelley & Hoffman, 2005) . In the context of the online market, switching is significantly easier because alternative options are much simpler to find. Consequently, store guarantee policies are particularly relevant for customer loyalty, and have a high indication of whether customers will purchase or repurchase in the store. Moreover, a salient guarantee policy is a fundamental aspect of trust for online business; it has the potential to sway buyers in making a purchase decision. The guarantee policy often influences the buyer's decision in choosing one seller over another (Karimov & Brengman, 2014) . The salience of a seller's guarantee policy manifests in the customer's level of trust in the quality of the seller's products. (Karimov & Brengman, 2014) . Thus, guarantee policies are an imperative competitive tool in increasing sales for a longer period of time in the C2C transaction.
Furthermore, based on signaling theory, the primary job of guarantee policies is to inform buyers of the seller's continued commitment to buyers after the transaction is completed. For example, the return policy guarantee promises to compensate the buyer if the product is not of good quality or does not satisfy the buyer's expectations. If a buyer cannot have such information, he/she will perceive the transaction as too risky (Bower & Maxham, 2012) and will have a higher switch intention (Forbes et al. 2005) . Thus, we assume that,
Store Reputation
Like service quality and guarantee policies, store reputation is another signal of a seller's quality, as perceived by customers (Melnik & Alm, 2002) . The store reputation serves as a source of information since a strong reputation can alleviate buyers' perceived risk and potential concerns about the seller (Pavlou, Liang & Xue, 2007) . In the C2C transactions, a signal of a seller's reputation provides a viable mechanism for fostering trust and reliability among unknown buyers by ensuring them that the behavior of the seller toward any other buyers may be publicly known and in turn, will affect other customers' evaluation or judgment of the seller in the future (Dellarocas, 2003) . This indicator typically is easily accessible and highly visible in the front page of a store (e.g., hearts or diamonds to rate the seller). Accordingly, most of online shoppers are influenced by others' perceptions of seller quality, which signal credibility and thereby reduce perceived uncertainty (Anderson, Swaminathan & Mehta, 2013) . Thus, we expect that customers seek out sellers that have strong reputations, and we assume that,
H4:
The stronger reputation a store has, the more likely there will be an increase in (a) store traffic, and (b) store sales.
In contrast to the browsing behavior, more deliberateness takes place when customers intend to make a purchase decision. That is to say, to keep building the consideration set and evaluating the ready-to-buy options, buyers are often dedicated to seeking out more information so as to reason out their purchasing choices. As an indicator for mitigating information asymmetry of C2C transactions, seller's reputation is commonly calculated by prior buyers' ratings and reviews. This relatively objective reputation evaluation system can enable trust (Resnick, Zeckhauser, Friedman & Kuwabara, 2000) , and serves its purpose by allowing the reputation to be seen by any potential buyers. In some cases, the high reputation indicates a high level of seller trustworthiness (Ba & Pavlou, 2002) , accurate product descriptions (McDonald & Slawson, 2002) , and better services (McDonald & Slawson, 2002) . If the product quality cannot be confirmed, a trusted seller experiences substantial advantage prior to the purchase. We expect that when the seller is perceived as having a stronger reputation, versus a weaker reputation, two informational signals about the seller (i.e., seller's service quality and store guarantee policies) have more impact and are more valuable to the buyers when they make purchasing decisions. Thus,
H5:
The positive effect of (a) store service, and (b) store guarantee policies on sales is greater in cases of higher reputation, versus lower reputation levels cases.
RESEARCH METHODOLOGY Data
We test the hypotheses using real transactional data provided by one of the largest C2C e-commerce platforms in China. This cross-sectional data set contains store traffic and sales data for cosmetic products on a randomly given week of June 2014. Through preliminary data screening, we deleted 45 observations with missing values, and ruled out 62 stores without any transactions during the period under the criteria if store total sales amounted to zero and store service score equaled 15 i . The final dataset consists of 760 stores in the cosmetic products category.
Measures
The key dependent variables are store traffic and sales. Store traffic (ST) is the total number of people who browsed the store in the week. It is measured by a count of customers who clicked and browsed the store web page, except those who only browsed the item or product via searching pages. In terms of store sales (SS), we use total weekly selling amount for its measurement.
Advertising (AD) is estimated by the advertisement expenses that sellers have spent on the store. Store service quality (SQ) ratings include three aspects, namely, description consistence, service attitude, and logistics speed. Each of them scores 0-5 points. We use sum of the three sub-dimension scores for measuring the service quality. Each seller of the platform is encouraged to sign the guarantee of trade safety agreement which ensures that he/she commits to provide guaranteed transaction service to buyers. Buyers are able to request for refund if they receive any incorrect goods. The terms of guarantee include 7 days of unconditional return, triple refund for counterfeits, and express delivery. We code 1 if a store has one guarantee policy and 0 otherwise, and we sum the dummy points for measuring guarantee policies (GP) . In terms of store reputation (RP), buyers have the opportunity to assess seller's performance with a 1 (positive), or a 0 (neutral), or a −1 (negative) after a successful transaction. We measure seller's reputation as a cumulative level score and calculate it as the number of buyers who gave the latest positive feedback minus the number of those who gave the latest negative feedback. For a short statement, the calculation is only one for each buyer and no matter the times of transaction that happens to the identical users. It ranges from 0 to 20 points, and the higher the level is, the stronger reputation the store has. In addition, we control for the number of items (NI) in the store in our models. Variable descriptions and correlations are presented in Table 1 . 
Models and Estimation Procedure
We use natural log-transformation of the store sales to normalize the distribution of the dependent variable. We also log-transformed advertising expenses and number of items in store for coefficient preview purpose.
Store Traffic Model
The ST dependent variable, measured as the number of browsers, is a count variable. While Poisson regression can be used to model count data, the overdispersion of our data violates the essential aspect of the regression assumption that variance of the count variable must equal its conditional mean. Instead, we used a Negative Binomial regression model that mixes Poisson and Gamma distribution by incorporating individual, unobserved effects into the conditional mean (Jerry, Bronwyn & Griliches, 1984; Long, 1997) . The basic model is
Where µi stands for the mean, Xi is a vector of explanatory variables for store i, and β is a vector of estimated parameters associated with Xi. β0 is the intercept, β1 ~ β5 are the variable parameters respectively. Because our data shows that the mean and variance of browsers visiting a store are not equal, it violates the nature of the Poisson distribution. Therefore, an error term needs to be introduced to diffuse the issue. Thus,
Where εi is the error term and exp(εi) is a gamma-distributed error term with mean 1 and variance 1/α 2 . α is the overdispersion parameter. With the modification, the relationship between mean and variance can be expressed as
Where E(STi) and Var(STi) respectively represent the mean and the variance of STi (i.e. Store Traffic). If 1/α is greater than zero, the browsing data is over-dispersed. However, if 1/α is equal to zero (i.e. α is infinity), a negative binomial distribution is the same as a Poisson distribution. Therefore, the probability function of store i in a time period for a negative binomial distribution can be formulated as
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Where Γ(·) is a gamma function. We adopt standard maximum likelihood method to estimate parameters.
Store Sales Model
Although SS is continuous variable, our data shows that many store have no transactions during the week period. This is possible for individual sellers in C2C business. Estimates derived from straightforward traditional regression model and OLS method may be biased and lead to wrong results. Therefore, we apply the censored dependent variable models. The most frequently used one is the Tobit model that incorporates zero values of the dependent variable in the model in order to eliminate biases that arise from dropping such zero values. Simply stated, our sample of store sales amount, which includes both zero transactions and continuous observations, can be addressed well by estimating a Tobit model.
As in the truncation model, the dependent variable can be left-censoring, right-censoring, or both. In our data, the sales data is left-censored with clustering at a zero base since transactions may not be observed on all the stores during weekly observation period, especially for those of some small sellers or new market players. Thus, the store sales model is constructed as 
In model 5, SSj represents the dependent variable (i.e. Store Sales), and SS j * is a latent variable, which is observed only when the value of SSj is greater than zero. γ is a vector of estimable parameters associated with Xj. γ0 is the intercept, γ1 ~γ7 are the variable parameters respectively, and εj is the error term. Hence, the likelihood function for the Tobit model over zero observations is as follows 
Where Φ() refers to the normal distribution function and φ() is the normal density function. The maximum likelihood method is used to estimate the parameters. Variables of the interaction effects in model 5 were centered around the mean to diminish the nonessential multicollinearity problem (Cohen, Cohen, West & Aiken, 2003) .
The regression coefficients presented in the Model 6 of ST and Model 6 of SS indicate that the relationship between store advertising and store traffic and store sales is both positive and significant traffic, which supports H1a and H1b. An increase in the amount of advertising expenses leads to more browsers visiting the store (β=0.29, p<0.001), and a growth in store sales amount (γ=0.27, p<0.001). In H2a and H2b, we anticipate that store service will positively influence on the two dependent variables. Although the direct effect of service quality is either negative in ST model or is not significant in SS model, the full model (i.e. Model 6 in ST and Model 6 in SS) analysis results supported our assumptions that service quality exert positive and significant impacts on both ST (β=0.30, p<0.05) and SS (γ=0.69, p<0.001). The results indicate that well-deserved service quality ratings can attract customers to visit stores and can increase their purchase conversion probability. Moreover, we predict that guarantee policies will have a positive effect on both ST and SS. The direct effect coefficients of guarantee policies, which in Model 4 of ST and SS respectively, presented positive and significant. However, the coefficient is neither significant in the full model (i.e. Model 6) of table 2 (β=0.02, p>0.10), nor in the full model (i.e. Model 6) of table 3 (γ=0.07, p>0.10). Thus, we didn't find any support for H3a and H3b. We also posit that, as a crucial indicator, store reputation will have a positive influence on ST and SS. The coefficient of reputation is significant and positive in both Model 6 of ST (β=0.31, p<0.001) and Model 6 of SS (γ=0.23, p<0.001). Therefore, in strong support of H4a and H4b, the stronger the store's reputation, the greater its sales amount, and the more numerous are its visitors. Furthermore, to test the effects of interaction terms (H5), we add two models, Model 7 and Model 8, in the SS regression analysis. In Model 7, the interaction term between reputation and service quality was introduced. The coefficient is positive and significant (γ=0.30, p<0.001), which supports H5a. Model 8 introduced the interaction term between reputation and guarantee policies. The results are positive and significant (γ=0.07, p<0.01), thus in support of H5b. 
DISCUSSION
This article highlights two crucial drivers of online business performance: store traffic and store sales. We use real market data from a major Chinese C2C platform to examine how various marketing factors as antecedents influence ST and SS. We adopt Negative Binomial model for ST and Tobit regression model for SS respectively. The results are in accordance with our hypotheses that advertising, store service quality, as well as store reputation have positive effects on both ST and SS. However, when we control all variables in our full models, we find that guarantee policies have no effect on either ST or SS. In addition, we find strong interaction effects of store reputation with service quality and guarantee policies on SS.
Implications
Previous research investigating customer online browsing behaviors were mainly based on clickstream data set, and constructed explanatory facets depending on people's within-site viewing behavior itself (Moe, 2003; Montgomery et al., 2004; Bucklin & Sismeiro, 2003) . Our study attempted to take part in this discussion and add supplementary information and insight.
First, instead of adopting within web page viewing behavior data, we chose to use exogenous data to explain online shoppers' browsing behavior. We tested how various external influences can impact customers' visiting a particular online store. Second, owing to the consideration of the overdispersion of our count data, we adopted Negative Binomial model instead of Poisson model for ST analysis. It was found that Negative Binomial model is more superior based on analyzing infrequently event data, to which we included visitors who accessed the store's front page and then exited. In terms of online store sales, previous studies demonstrated that store service (e.g. Pan, Ratchford & Shankar, 2002; Choi, Chow, Kwok, Liu & Shen, 2013) , guarantee policies (e.g. Karimov & Brengman, 2014; Fan, Miao & Wu, 2013; Bower & Maxham, 2012) , and reputation (e.g. Ye, Li, Kiang & Wu, 2009; Melnik & Alm, 2002) , each determinant separately can influence online store performance. However, in real transactions, customers usually put all factors together for their consideration before making a decision. Thus, in our study, we analyzed various facets simultaneously and examined their cumulative effects. Interestingly, though previous studies have found that guarantee policies positively effect on sales, we found that when control for other marketing factors, the positive effect of guarantee policies was negligible. It implies that customers may evaluate each marketing factor as not equal when deciding in which store to buy. Accordingly, our results have shown a strong positive and significant interaction effect between reputation and guarantee policies on sales. This finding helps verify the different weight effect of various factors. In addition, some of the prior articles used OLS as model estimating method for C2C store sales (e.g. Ye et al., 2009) . However, since the real transaction data may contain many zero values and may have truncated problems, OLS method will over-estimate the mean and bias the results. Thus, we adopted Tobit model and maximum likelihood estimating method in our analysis.
Our results offered performance tips in terms of managerial implications for online with respect to both ST and SS as well. First, even though advertising expense is a heavy burden for C2C sellers, we provide empirical evidence that investments in advertising are indeed important to the growth of ST and SS, especially in attracting customers to browse their stores. Second, our finding reveals the importance of C2C sellers in understanding the different weight effect of various marketing factors. Although consumers are dedicated to evaluating every piece of information at hand before making a purchase decision, they are usually not assessed equally. For instance, a store's guarantee policies is regarded as a major determinant of attracting browsers and increasing sales by many managers and scholars. This is true when provide guarantee policies as the only indicator of store to customers. However, if a buyer evaluates all factors together, the positive effect of guarantee policies disappears. The other example is that, although store service quality proves to be a statistically significant determinant, which indicates that a seller with a better service quality can expect to receive a higher ST, its impact tends to be small. This evidence implies that when a store has a high conversion rate but a low visit rate, the seller should make more effort on upgrading their reputation and investing more money on store advertising, not necessarily paying as much attention on service quality or guarantee policies. But when a store aims to increase conversion rate, the seller should bear in mind that it is a crucial quality and performance for a competitive C2C store to have a high service quality at least.
Limitations and Future Research
The current research poses several restrictions on areas of study that have room for improvements in future opportunities. First, our data was contained to only a snapshot of C2C business at one product category in a random single week. However, consumers' online behaviors are a dynamic and complex course. We need panel data to make our observations and results more dynamic and robust. Second, we didn't control for potential endogeneity in our models. Future research with elaborate methods will provide the means a more in depth study. Third, the comparison of other influential factors (e.g. in-store promotion or discount), and the analysis of C2C stores across various product categories will also allow us to gain additional understanding into the distinctions between the relative impacts of the antecedents on ST and SS.
